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Advances and prospects in high dynamic range imaging

LIU Xiaoning, ZHANG Le, ZHU Ce”
(School of Information and Communication Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract; High dynamic range imaging aims to recover the luminance and color information of real-world scenes, thereby overcoming the
common problems of highlight saturation and shadow detail loss in conventional sensor imaging. It has been extended to applications such as
autonomous driving and virtual reality/augmented reality. However, artifact removal in dynamic scenes remains a central challenge. To address this
issue, the related datasets and evaluation metrics were systematically reviewed , the major research advances were comprehensively summarized, and
the inherent causes of imaging model deficiencies and the current technical bottlenecks were further analyzed . It also compared and analyzed the
performance differences among existing state-of-the-art methods from the perspectives of model generalization ability, computational complexity, and
inference time. Building on recent development trends, three levels of important research directions were further identified, namely fundamental
core challenges, key performance optimization, and frontier technology exploration, with the aim of providing a useful reference for both academic
research and engineering practice.
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Fig.4 Number of journal articles on high dynamic range imaging

HDR A% & I\ 2 W5 A [A) B 6 9 LDR 181
Hh R A B — R BT TR SRE R R LR L
ST HDR ER . I2 U A T 5T 32 2K
Or PSR AR ARG ik (P BT R E) 5
REZ22 ] B Tr ik o H DB ol i & 2
TRIESESEOR IR B LDR K5 (BRI B ot
FEL G BEWTC SR B FA Y ), SEBN 5 58 B
SVEE e s g BAE L PrAa s, A LR )
()R mfiA% ) sz s ik (Ras A2 e ) 1
FAAE, 2 S EOR R CITR] 3 505 R L, Bk
HEJE S LR B BRI A,
HDR [ IR) PR BLEE R AR 205K - 5 8 4 5y 5
DXt B A O L [ e R e LA 5 5L
A S 7 5% Y FL S BE R

P, dnfar v 5 Sk B 3l R R g iz 2l e
L B I A Al ( 22 W St 8] DX S A7 72 4 A1) 1)
THOLT , e ELERf 52 B 2 i & /2 HDR 4
AR LR

ARG HDR X R EARMBIIE RS , A
SCR BT T ikl oy e e T ik 52 T IR BE 2 2T 1Y

TTEPIRSE . B UK I S81% 0 JEHESE , 41 [u] ot
iE 30 A2k HDR H A U i) S AR e
2.1 fRETiE

i Tk S HDR (ig shihsg G5 L
_F 9 HDR 3 o A I 5 R 2 52 14 75 K ik pRe i
[l MRAEAL BT S AR 2 G207 ik £ 50
SR T E B KRB B 5 i ST
B 57 506 DL BT B B O i
2.1.1 A FTEFHRBA R T %

BT a8 3 XIRAE BR 1 5 85 A A Rl B A (R
AR (5% ) KB A 1k 1y, A /N g
(A KUY, AR, X ITTIE I K4 A
U AT KRl A LDR G A% 2208 J W L e
TER DI P, B R s T 1k X G A iz
I KRB N : OX A R IEAT 42 R %)
7o QANBHERIEE, WRIR R E T 1L X, W]
PUEAE 4R HDR Ik AT R & s R B R R
TSI, WAl LS R BRZ AR R

IX 675 92 ) DX 32 A B E AR e A6 5 B
Bl kM, Khan %77 T4 @ R E T

X

=
L



3 ]

XYE T, 45 < S AV R R et e I e 2R ©59-

FORE , FEAF B M 4> TiCAY B, Jacobs 28 S b
G B AR R S (5] PR B S5 S S A 0 325 30 X
1% %, Pece Fl Kautz ™ & MEOGKIG T
(U B B P A iGE 3P . Zhang 1 Cham!' % 31
B BE AR BE AT DL SRR R B G B , BR Y U
I8 Ak 7 12 S A

573 bty S 1ot 0 KL B BRI ESOR
TR N — 7K B ' [ 45 51 75 4k — T W 1 IR 1% 1
0, I8 5 R AR R R BT A DA 2 3
DA 1% Heo 451 1 142 AR B 2% Wi 45
MG Z BN S WOk AR R B = A R =
FAMR R BCATE . Granados 251 6 I 12 14 3k
erh— G R T2, AR5 R DR 1 [n) 2 LA AE
PLAE b 4 A B i) HDR %5 5. I 4h, Zheng
LT L 25N R E R R IR — B
Fedie/ MERE RS 1 s Yl T R R S F
2 HDR &%

M AR F IR ST 5
(CUnZKE ) USRI B AR BRI, 3 52 3 X 48
BRI A B HDR EG b ks sh i 28, I
Sk Jy i FUR A B B AR R I (R K
2.1.2 AT EMGAT Tk

BT N S 2 OISR, ARG TR T
15 I H—ik HDR E& . # s P WA, B
ZHECIFH 8] i 22 AR A 8k $8h (Han 25
TR R ) B WIS B B R G S B R
PR, M TG 20T Ak 148 A VG T 3l A B e,
a7 B LA 2 40T A P AR A T A R
PEDCHE ™ REALEES AR P S R S BB G T 5]
ARG TERT 5o A AR I NIA ST 5 CAnAapLEk 3 1y
[ A P idiz g ) | a6 23 5, 1 B e v vk
LA, T AT PR B AR R M T 1 56 2, e
MRS A SIFT™ RANSACH™ ™17 s iy P45 &
I A7 Kk B SR T 07, e S T O ) B
FLIR SR M5 . 5110, Bogoni 2517 i FF 5 i A A
RIS S AN e A B {5, Kang %5 fi F1E
AR A TG F R I T —Fh G2 19 HDR
GBI BB X AP A, Jinno i
Okuda"* 32 2l O E 4 o T4 /R 1] e B HL 37 L)
T8 . Zimmer 25177 5 5 o B3 A 400
Fa R F5 /AL BE B BRBOR T 5O . Hu 2612
3 1 ff Fl Hacohen 451" 31 H 9 77 1 4R B B 5 11
X BT SRR . Gallo 2R T —FliE
TR/ ME RS S AT 7 . X267 Pl
B IO R4 A X 5 LDR &%, R, T
VA RIGRE 5 I B B LR BB

2.1.3 AR TiRfRACey 7ok

XRT7 R I 4R B NS RS H W 1R
RGP B A0S N OC R ¥ AE S Z Wb oA
(BRI R/ MR PR A B 7% 31 225 WURH 7 1) DX B85
R R /A RN < BN 7 T PN )
1O T L A O AR HE ROk AT X 5
. B4, Sen T T R T UL L Y
JiiEE i HDR BHR,iZJr A AL B LDR {52
I AE CRF AHALERAS Y H 32 2 AR it
PEEFRIEAR 7 Ak A5 2 v [a] BE 2% B
G I8 R AR DL R SO 3 52 5 B R AS , T
AL AT HDR B3R5 . Hu 2121 42
TR A T S DE T i DL AR HEZR (BB AHATL AL
HEVE AL —&B 53 o

ST e B B E i 2 MEF AE: 55 op R4S
HDR 5 MEF f#) H b5 A7 76 B 12 22 55 (il & 4 i 3
SCRRSFTIEL, J5 A R F B S 48 B 2 L [R
1%) o B, Zheng S0 27 Sl b i il Pl 4 e )
558 R SR o SR T I B O P A R 1) 57 88 22 5
RGN I MG e DL E 1) J5 2 R VR 2 1 3l IX 8l 5 B
J5 ZBREEE S B YL . Ma 251124
TP Z2 B CIE 15 Rl & (structural patch
decomposition based multi-exposure image fusion,
SPD-MEF) J5 & , i J7 1 % I 5 BOR BAT BR 1Y
Tt B, FOR— AN R P o i S = A
SERIFR Y, BME SR BE AR S AR R 5 R
Jei R FHAS [ 0 B s oA 3] = A BRAE A 2H 45 I
Je B 3R AT 1 = A A Rl 5 R B 4 HDR E1&
%t 32 B 4 PR 1T 75, SPD-MEF ™ J5 2 1] il 4%
SER T I E RORB R A — B R, T
TE LG B8 I8 B P 3, SPD-MEF J5 i A 415 |
B W5 R %% ) (intensity mapping function,
IMF) Sfe A6 A5 5 A4 P[] 1) — 2t % H& 2] SPD-
MEF™ 5 i S RE I ELAFFE G, Li 20
AR 1 £ R 4y i B9 SPD-MEF ( multi-scale
SPD-MEF , MSPD-MEF ) 13/ 2 1 £ [ty SPD-MEF
(edge-preserving SPD-MEF , ESPD-MEF)

TEABGERE L b, ORI 26 )5 )2 HDR & LY
U BT B 24 225 B8 BT RVE
DA DX R 2 Az s A, R T
BUAAA B B 27 A A N TCHE T Y
4k,
22 ETREZFINTZE

1525 T & FL A 4 M 2% ( convolutional neural
networks, CNNs) i) AL PR IE SR IBE ) , i



- 60 (FE TR SR S AN S

548 &

EHIET CNNs fy HDR gty ik (a5 21
JeEMG A R HDR H R SF AT 55 ) E3R1%
FARFG T AT 2 T o XKy Bl A
Ui B M 4%, 2% 2] LDR # AEI{%5] HDR %
H MR IR AE WS 5C 2%, A B J) iR 2 B 5 8 2
FROUETIRBE 7, S B Al 72 A5 B R & 5 thae
s 131

Bt TR B~ ] BE AR 1 154X, Transformer 4"
BAY KRR SR R B 0 J 2 HDR 5 4 40
S, EE X PR R e CNNs (19 Jmy PR«

1) Transformer ; S5 {3 & S AL 281 CNNs
() Jr iR Bz B 2 o, RIAS HER 3 R 2 R RS T
5 BEARAROC 2 (IR 5 b i e R s 5 B s A
SRS B TR sy s mdh A AR
T DX — BOvE, b R R 7 5 T iz 3l
Dt o

2) OB - B T R AR 2 M A AR UM A
28 SE i Z A E T A2 HDR RS AR A, ]
MAELIE LDR AR e i S 4 R DX 8 ) 4 40 4 15
(3 B O Y 1) 8 B G S ) e ) [ 410 ]
A AR RS S 2 D5, AT 2 25 445 HDR
BRI SR S GO g S

IR Y FR S, IEHEZ) HDR H g4
AT ER AN 2 G s iz A ARTIAE S
A HE” %0 H FRi it
2.2.1 AT RAFGIT

XFFZ il LDR EUR XS 55, & R 7 2 (0
FH 26 0 1 56 370 0912 B0 i A O I 45
e xF 5 ) LDR 5 A TR Bl 22 4 v, LAt
7 HDR & 1% . Kalantari Fl Ramamoorthi’™ ¢
CNNs 5| A HDR S @45, HARHh, H A2 )
S R o B Y P % 3 5 31 o 4
R B, BI 228 T %) 5% J5 19 LDR G551
Ve A, i HDR [EH{& 9 GT Wi, d s CNNs ok
*#>] LDR 3| HDR [l spf , DT = AR 9 HDR
ER . (EAEE RS, SCHRS4 ] iety it T — 1 H
HAE AR 2 i 2 il HDR Budi ke , HAudh 3075
SR ANFEIBESG R LDR ER DL K AR B Y TG Y 52 1Y)
HDR {5, Yan % Gk T sk i, 421 T
HeTZ REE CNNs (5 @7 s, 306 =41 k2%
2 Rl G J5 AR5 AH 0 i HDR EH% . & S J@oR
T AT OCHR SR BRI

SR ARGER BT L T i & R
KR FIRZE, T &, Peng %’I%J A1 Prabhakar
SRS 00 B P AE G S R 4%, B FlowNet 7 il
FlowNet 2. 0"\ 4 225 Wi 15 2 % ik 47 3 3¢

Bl 5 BT RS HR R

Fig.5 Pipeline based on optical flow alignment
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Fig.6 Pipeline based on feature concatenation
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Fig.7 Pipeline based on correlation-guided
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Fig.8 Pipeline based on image translation
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Fb#s 7 3. Sen ZE07) Hu 21 Kalantari
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HDR-VDP-2,

3.2 TEERK
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Tab.2  Quantitative comparison of different methods on two benchmark datasets

AR AR ik HDR-VDP-2  PSNR-/ SSIM-I PSNR— SSIM-u
Sen %07 59.38 38.11 0.972 1 40. 80 0.980 8
Hu 212! — 30.76 0.950 3 35.79 0.971 7
Kalantari 25" 64.18 41.23 0.984 6 42.67 0.988 8
DeepHDR™ 64.90 40. 88 0.985 8 41.65 0.986 0
AHDRNet ™" 65.61 41.14 0.970 2 43.63 0.990 0
PAMNet" " — 41.65 0.9870 43.85 0.990 6
NHDRRnet" 64.08 41.08 0.986 1 42.41 0.988 7
PSFNet" ' — 41.57 0.986 7 44.06 0.990 7
HDRRNN!'8! — 41.68 — 42.07 —
HDR-GAN!'* 65. 54 41.57 0.986 5 43.92 0.990 5
APNT-Fusion""*) — 41.61 0.987 9 43.94 0.989 8
Kalantari 4 FHDRNet!™® 65.71 41.47 0.986 9 43.91 0.990 8
STHDR!'*! — 41.70 0.987 2 44.10 0.990 9
CA-ViT™! 65. 66 42.18 0.988 4 44.32 0.991 6
SCTNet*" 64. 48 42.29 0.988 7 44.49 0.992 4
SAFNet-S!* 66.32 42.50 0.988 8 44.11 0.991 1
SAFNet- ' 66.52 43.18 0.990 1 44. 66 0.9919
FIRM! 65.92 42.50 0.989 9 44.53 0.991 8
FIR-U™! 65.86 42.45 0.989 5 44.49 0.991 7
DiffHDR ™! 66. 67 41.73 0.988 5 44.11 0.991 1
LFDiff! "] 66.38 42.59 0.990 6 44.76 0.9919
AFUNet! "™ 65.92 42.59 0.990 6 44.91 0.992 3
Kalantari 2% 67.09 43.37 0.992 4 40.05 0.979 4
NHDRRnet" "’ 65.41 39.61 0.985 3 36.68 0.959 0
AHDRNet" 68. 80 45.30 0.994 3 42.08 0.983 7
FHDRNet*’ 69. 86 45.80 0.994 8 42.41 0.985 8
o) CA-ViT™! 69.23 46.35 0.994 8 42.39 0.984 4
Tel % SCTNet*" 70. 66 47.51 0.995 2 42.55 0.9850
FIR™’ 71.30 48.24 0.996 1 43.53 0.988 3
FIR-U™! 71.20 48.16 0.996 1 43. 62 0.988 4
DiffHDR ™’ 69.55 45.63 0.994 6 42.18 0.984 1
AFUNet!'* 71.08 47.83 0.995 9 43.31 0.987 6

T IHLRR R0 B 2R e R AL A9 25 2R 5

— " AU B E BN G BA S0, AT GEE TR L A9 HDR-VDP-2,
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Tab.3 Comparison of generalization performance, computational complexity, and inference time

) ] Z ALYk RE R B[]

#5) Itk :
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